Background: Cost-effective primary prevention of cardiovascular disease (CVD) relies on accuracy of risk assessment. Current risk scores require clinical and laboratory measures, are expensive and are often difficult to apply in the population setting. Objective: This study sought to estimate CVD risk from individuals' knowledge of their own CVD risk factors and compare it to the risk calculated from measured risk factors. Methods: Using the ACC/AHA Pooled Cohort Risk Equations (PCE), we calculated 10-year CVD risk for 9856 primary prevention individuals aged 40-79 in the Minnesota Heart Survey (MHS). Using log-linear regression models, we estimated PCE risk from the individual's selfreported knowledge of four dichotomous risk factors: hypertension, hypercholesterolemia, diabetes, and smoking. Age was included in all models, and models were developed separately in women and men. Model performance was assessed internally using leave-one-out cross-validation. Results: The median measured PCE CVD risk in women was 2.1% (IQR: 0.8-5.6%), and in men was 6.3% (3.1-13.0%). Using the newly developed equations, the median estimated risk was 2.2% (0.9-5.8%) in women, and 6.9% (3.2-13.1%) in men. Using a threshold of 7.5% to categorize low and high risk, the novel risk calculation gave an accuracy of 95% for women and 87% for men compared to the measured PCE risk. The negative predictive value was 97% for women and 91% in men. Conclusion: Self-reported knowledge of risk may be useful in the identification of individuals at low risk for CV events, however, should always be followed up with measurement of risk factors if symptoms or history suggest CVD.
Introduction
There are a growing number of self-assessment tools for prediction of risk for many different health conditions. They are designed to alert, educate, and change behavior, or direct people to health-care professionals. Historically these were paper and pencil tests given in clinics or community screenings, but they are now most often web-based, with some available on mobile phones. 1 These self-assessments range from symptom analysis to calculation of disease risk. Risk self-assessment surveys are widely used, as evidenced by the British tool for web-based cardiovascular risk calculation which was accessed 1.4 million times and taken by 575,782 users over 5 months in 2015. 2 However, many of these assessments, which often result in some type of "risk or health score", can be in error and misinterpreted. Self-misclassification can lead to inappropriate reassurance, whereas self-referral to health care for additional evaluation can lead to unnecessary expenses or treatment. Individuals may give answers they believe to be best, misinterpret the questions or not have actual data to enter. Self-assessment of cardiovascular disease (CVD) risk is among the most common of these tools. 3, 4 Individuals without CVD can use these tools to predict their individual 10-year risk of a cardiovascular event. The Framingham Risk Score had been the tool of choice for many years. 4 The
American Heart Association/American College of Cardiology Pooled Cohort Equations (PCE) risk calculator is also now widely available and designed for use in those with no history of CVD, and an LDL-C <190 mg/dl. 3 The PCE predict 10-year risk of coronary death, nonfatal myocardial infarction, fatal or nonfatal stroke. The PCE have been incorporated in national guidelines for CVD risk management for aspirin, hypertension and lipids. The PCE risk calculator, however, will not calculate risk if any of the input values are missing. In a study by Van't Hof et al, 5 only 43% of a primary prevention clinic population had complete data to allow PCE risk calculation using electronic health record data. The electronic health record data did contain ICD-9 CM diagnostic codes for hypertension and hyperlipidemia, which, had they been incorporated, might have allowed many more individuals to be assessed. When risk assessment is not properly performed, high-risk individuals may be undertreated or low-risk individuals may inappropriately undergo a low-value screening test. As well, survey-based research assessing CVD risk becomes more expensive when laboratory and anthropometric data are required to complete the calculations.
Thus, this study was designed to evaluate a simpler format of CVD risk assessment using self-reported data on cardiovascular risk factors and demographics. We analyzed a random population sample of adults ages 40-79 years who answered questions about knowledge of their own cardiovascular risk factors, and who had blood pressure and cholesterol directly measured in a controlled research setting. In these analyses, we use regression methods to predict PCE risk using only participants' knowledge of risk.
Methods Sample
The Minnesota Heart Survey (MHS) is a populationbased, serial cross-sectional study that assesses trends in cardiovascular disease risk factors in non-institutionalized resident adults aged 25 to 74 years in the Minneapolis/St. Paul (MSP) metropolitan area (2010 Census, 2.85 million). 6 The MHS has completed six surveys (1980-1982, 1985-1987, 1990-1992, 1995-1997, 2000-2002, and 2007-2009) . The MSP population is predominantly white and has slightly higher levels of education and employment than the United States population. MHS sampling was designed to obtain a random sample of the target population, using a two-stage cluster design created from census maps. The 7-county metropolitan area was divided into over 700 clusters of approximately 1000 households each. Forty clusters were randomly selected and used for each survey with a sample of households randomly selected from within each cluster. The census maps were updated before each survey to account for new housing developments and sampling was adjusted accordingly. In 1995, four clusters were added to represent new population growth and in 2007, three more clusters were added for a total of 47. Once a house was selected, it was removed from sampling in future surveys. After an introductory letter, selected households were visited by a trained interviewer who performed a household enumeration with those eligible selected for the survey. For this analysis, we used the combined MHS data from 1985 to 2009.
Measurements in MHS
Participants first took part in a home interview where interviewers collected data on demographic characteristics, cardiovascular medical history and risk factors, knowledge of cardiovascular risk factors, dietary habits, physical activity levels, health insurance coverage, access to a regular physician, self-rated health, smoking practices, and use of cardiovascular medications and dietary supplements. Participants were then invited to take part in a clinic visit. Data collected during the clinic visit included physiological measures such as anthropometric measurements, blood pressure, medical and reproductive history, and detailed questionnaires regarding diet, physical activity and smoking. Participants also underwent a non-fasting blood draw to assess serum total cholesterol and HDL cholesterol levels.
Each individual was asked four questions in their home to ascertain knowledge of risk: "Have you ever been told by a doctor or other health professional that you had high blood pressure?"; "Have you ever been told by a doctor or other health professional that you had high cholesterol?"; "Have you ever been told by a doctor or other health professional that you had diabetes?"; and for smoking, "Do you smoke at present?". Responses to these questions were either yes, no or do not know. We combined the negative responses, and any missing values, into a single category to represent no. Thus, possible numerical values for the individual risk factors were 0 and 1, and their sum took on values of 0-4, with 0 indicating that the participant reported having none of the four risk factors, to four where the participant responded as having all four risk factors.
The PCE 10-year CVD risk was calculated for each individual with complete data for each of the risk score components (n=9856). Cholesterol was missing in 354 (3%) participants and systolic BP in 316 (3%). Individuals with total cholesterol <130 or >320; or HDL cholesterol <20 or >100; or SBP <90 or >200; or DBP <30 or >140 were excluded, because there are insufficient data to reliably predict risk in these cases. 3 
Definition of Primary Prevention
Individuals without a prior CV event were identified as those who responded "no" to the question "Have you ever been hospitalized for a heart attack or stroke?" Data for these individuals were collated from the 1985 to 2009 surveys and were restricted to those aged 40-79 years since that is one of the criteria for PCE assessment.
Statistical Methods
Multivariable linear regression models were developed to predict the measured PCE risk (dependent variable, mPCE) from individual's knowledge of risk (primary independent variable, knowledge of risk). To investigate the optimal parameterization for the four risk factor knowledge components, their sum was modeled as both a categorical variable (with five levels, 0-4) and as a continuous variable. The four risk factors were also modelled as separate dichotomous variables, taking the value of 0 (no) or 1 (yes). The mPCE risk was modeled on its native scale and was also log-transformed. Models were developed separately for men and women, and age was included as a linear and quadratic covariate. Adjusted R 2 and Akaike's Information Criterion (AIC) were calculated from each model as measures of model fit, with better fitting models having a higher R 2 and a lower AIC.
Estimated risk (ePCE) for each individual was calculated from the final log-linear models, using methods to avoid retransformation bias. 7 Deciles of mPCE and ePCE were compared visually as a measure of calibration.
To assess characteristics of the ePCE, mPCE and ePCE were each divided into two categories: low risk (<7.5%) and high risk (≥7.5%), as was the risk threshold for statin therapy in the original work. 3 Accuracy was calculated from each 2×2 The Institutional Review Board of the University of Minnesota approved this study. The authors had full access to all of the data, and take responsibility for their integrity and the accuracy of the data analyses.
Results
Characteristics of individuals without a prior CV event, stratified by sex, are displayed in Table 1 . As there were limited numbers of individuals with a knowledge of risk sum of 4 (10 women, 8 men), those with 3 or 4 were combined. The MHS primary prevention population could be described as a low-risk CVD population, with close to 80% with 0 or 1 knowledge of risk sum, and the median mPCE <7.5%.
Ten-year median (IQR) cardiovascular risk (%) derived from the mPCE for each of the 16 possible combinations of the knowledge of risk factors is shown in Supplementary  Table 1 .
In Table 2 , we show the strategy used to estimate PCE (ePCE) from only the individual's knowledge of their risk. The original PCE model (mPCE) includes race, but it was not used in this analysis, since the MHS population is 95% nonHispanic white. Both mPCE and ePCE contain the "same" risk factors, except that ePCE does not include whether the individual is taking an anti-hypertensive agent. The measured blood pressure and cholesterol in the mPCE, requiring a clinic visit and a blood draw, are effectively "replaced" by knowledge of hypertension and hypercholesterolemia.
The risk profile as measured by the mPCE of MHS primary prevention individuals, stratified by age group and knowledge of risk sum is displayed in Figure 1 separately for women and men. Measured PCE increased with both age and knowledge of risk and is higher in men.
Models using the log-transformed mPCE as the dependent variable performed uniformly better than the untransformed mPCE (results not shown). Supplementary Table 2 shows the adjusted R 2 and Akaike's Information Criterion (AIC) for each of the models assessed. Models where knowledge of risk was included as four separate dichotomous variables were uniformly slightly better than the categorical or continuous (not shown) versions of the knowledge of risk.
The best models were chosen as those with the highest R 2 and lowest AIC combination. The final models included, in women: high blood pressure, high cholesterol, diabetes mellitus, smoking, age (linear and quadratic terms) and the interaction of age with each of the dichotomous risk factors; in men, the model differed in that it only included the age interactions with high cholesterol and smoking, and not those with high blood pressure and diabetes mellitus. The same interaction models for women and men are shown for comparison purposes. Even though there is very little difference in the two interaction models in both women and men, the chosen models (highlighted in grey) performed better at higher levels of risk. The derivation model regression coefficients for the candidate and final models are shown in Supplementary Table 3 and are given on the log-transformed scale for mPCE. The term for diabetes-age interaction was not statistically significant in women; however, its inclusion both decreased Akaike's Information Criterion (AIC) and improved model fit at higher levels of risk. Even though interpretation of the main effects is not straightforward in interaction models, it is clear that smoking in women, and smoking and age in men are powerful predictors of CVD risk.
Estimated risk (ePCE) for women can be calculated as exp(ΣßX -4.02), and for men as exp(ΣßX -5.8), where ß is the sex-specific regression coefficient and X is the level for each knowledge of risk factor (Supplementary Table 3 ). For example, for a 60-year-old woman who currently smokes and has been told that she has high blood pressure, the ePCE risk is calculated to be 9.7%.
The models showed good discrimination for the derivation model (R 2 =0.87, root-mean-squared error (RMSE) = 0.46 for women; R 2 =0.82, RMSE=0.41 for men). Calibration of the models was assessed by scatterplots of mPCE and ePCE, superimposed with the four regions showing those who were concordant or discordant with regards to low (<7.5%) or high (≥7.5%) risk categories of each score (Figure 2 ). There are relatively few discordant individuals (5.5% in women and 12.6% in men). Thus, using the concordant cells to calculate accuracy gave values of 95% for women and 87% for men. Furthermore, the negative predictive value was 96.6% in women and 90.7% in men. When deciles of each of mPCE and ePCE were calculated and plotted against each other, they showed remarkable correlation (Figure 3) . The internal validation R 2 and RMSE from leave-one-out cross validation were identical to the derivation statistics to two decimal places, again indicating good model fit. Table 3 shows the measured and estimated PCE side by side, separately for women and men, and grouped by knowledge of risk sum and age group. There are some differences in the median values; however, they are relatively small and are more pronounced in older, higher risk individuals. In every case, the knowledge of risk model overestimates the median to some extent. These also correspond to cells with the smallest number of individuals and wider interquartile ranges. 
Discussion
Using only simple individual knowledge of CVD risk, 95% of the women and 87% of the men were classified in concordance with their measured PCE risk. In the newly developed models, total and HDL-cholesterol measurements have been replaced by an individual's knowledge that a health-care professional told them they had high cholesterol. Systolic BP and anti-hypertensive use in the PCE risk were replaced by whether the individual had been told they had hypertension. Smoking and diabetes variables are the same in measured PCE and models for estimation of PCE. Binary responses used as input to the newly developed knowledge of risk model were not derived from the measured blood pressure or cholesterol values in the MHS. Unlike most risk prediction models, the models derived here were without knowledge of cardiovascular events. Cardiovascular outcomes were not available in the MHS; however, data were available to simultaneously allow the computation of mPCE, as well as yes or no responses to questions about knowledge of risk. When faced with selfreport data where calculation of the mPCE is impossible, we have shown that these models have good statistical properties, and thus could be used to quantify risk when laboratory data are unavailable. Used as a screening assessment in asymptomatic adults, a low ePCE may be useful in reducing unnecessary testing. With very high negative predictive values of over 96% in women and 90% in men, the newly developed score can potentially identify low-risk individuals who may not require further evaluation (eg, laboratory testing, coronary artery calcium (CAC) score). This will require additional evaluation. Currently, any clinical decision to modify an individual's treatment plan due to CVD risk should be well informed by the appropriate blood pressure, laboratory and radiologic testing.
The four risk factors are not evenly weighted in their contribution to CVD risk, with some combinations uncommon in these data. This explains why the individual risk factors performed better than the sum of risk factors in estimation models.
In a nationwide survey of adults aged 45-75, "objective risk" of CVD was ascertained based on age, sex, and number of self-reported CVD risk factors. 8 Four of the five risk factors used in this survey were the same as we used in this analysis, with the added self-report of family history of stroke, angina, heart attack or heart surgery. We believe that our method goes one step further than this work in attempting to model these factors to estimate absolute risk. We do not know from this study how well the knowledge of risk model will predict CVD outcomes. Further study in an appropriate data set is needed to answer this question; however, perhaps it may perform better than the measured PCE. Measurements of blood pressure and cholesterol for input to the mPCE risk calculator are typically 
Statistical Limitations
Statistically, the models are by definition multicollinear. The knowledge of risk as parameterized in the final models as four separate factors can only take the values of 0 and 1, and their interactions with age can only take the values of 0 and age. With such a large data set, these effects are less likely to be problematic, and the models performed well in terms of estimated standard errors.
Performance of a predictive model is typically overestimated when simply determined on the sample of subjects that was used to construct the model. We showed that using leave-one-out cross-validation, this bias was very small. Still, recalibration of the knowledge of risk model in a different dataset may be necessary, such as was done for the Framingham prediction scores. 10 This work does not include external validation of the newly developed knowledge of risk models to estimate mPCE. Nor does it use cardiovascular events in its development, such as those outcomes predicted by the mPCE risk. The next step in the development of these models for practical use is to externally validate them in other primary prevention populations.
Conclusions
The knowledge of risk score provides a highly accurate method of estimating CVD risk without the need for blood pressure or laboratory data. This method of calculating risk may be useful in research settings or electronic health record analyses where such data are not readily available.
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